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Principal component analysis (PCA) and multiple linear regressions (MLR) analysis were applied on the data set of 
surface water quality for source identification of pollution and t
Results revealed that, most of the water quality parameters were found to be toxic compare to the national standard of 
Malaysia. PCA identified the sources as, ionic groups of salts, soil erosion and agr
pollutions from domestic wastewater, industrial sewage and wastewater treatment plants. MLR investigated the 
contribution of every variable with R= 0.968 and R
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Introduction 
Surface water pollution is a major concern in the 
present world. Population growth, urbanization and 
incremental commercial and industrial activities 
exert tremendous pressure on the existing surface 
waters and through disposal of pollutants. Rivers 
which are the main reservoir of surface water, serve 
as the recipients of excessive amount of wastes 
generated and discharged vide anthropogenic 
activities all over the world (Khanna 
Milovanovic, 2007). Anthropogenic activities have 
negatively influenced water quality and are the 
major source of pollution for water quality 
deterioration (Satheeshkumar & Khan, 2012)
Water  pollution is ever-increasing with industrial 
and commercial development, further causing 
deterioration of water quality and threatening 
human health, aquatic ecosystem, economic and 
social welfare (Milovanovic, 2007)
management and control of pollution is a big 
challenge for the environmentalist. It is obvious 
that for better management and control of surface 
water pollution authentic and reliable information 
of its sources is required (Singh et al
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=0.934 and it was highly significant (p<0.01). 
, principal component analysis, source apportionment
 
et al., 2011; 
.  
. Surface water 
., 2005). 
 
 
Apportioning the sources of pollution of surface 
water can provide information to policy makers and 
environmentalist to set priorities for sustainable 
water resources management (Huang 
Identification of  sources of pollutants and the 
contribution of the parameters is one of the major 
challenges in assessing surface water quality 
(Mustapha & Abdu, 2012). Use of principal 
component analysis (PCA) in identifying pollution 
sources is now a widely used unbiased statistical 
method (Satheeshkumar & Khan, 2012)
eventually multiple linear regressions is useful in 
estimating the contribution of parameters; these two 
techniques can expose the potential pollution 
sources and those are practically usable in various 
types of data (Praveena et al., 2012)
interpretation of complex data in the simplified way 
(Pejman et al., 2009) for better understanding by 
investigating the structural information of 
confusing data (Ragno et al., 2007)
hand, multiple linear regressions is the tool to 
examine the relationship between single dependent 
variable and a set of independent variables to best 
represent relationship in the each factor
& Abdu, 2012).Shrestha & Kazama ( 2007)
et al.,(2010); and Juahir et al
research they used PCA to identify water quality 
sources apportionment; they studied spatial 
variation of surface water and source of pollution 
3 
 
 
 
sing principal 
 
10.10.2013 
, varimax 
et al., 2010). 
 and 
. PCA helps in 
. On the other 
(Mustapha 
; Huang 
.,(2011) in their 
 
and classified the water quality.  In their study, 
Onojake et al. (2011) used PCA to identify the 
latent factor and found that Rivers in Delta State of 
Nigeria were heavily polluted due to ant
source of pollution.Similarly, recent study 
conducted by Koklu et al. (2010)
multiple regressions analysis identified important 
parameters to determine the major sources of 
pollution. In this study PCA were employed to 
evaluate the surface water pollution sources and the 
multiple regression analysis was done to estimate 
the contribution of the significant parameters 
towards water quality variation. 
 
 
Fig. 1 Map of the 
A total of 10 Monitoring stations were selected 
throughout the river basin based on the land use
pattern, point-sources of pollution, vegetation and 
river network. Global positioning 
was used to locate the stations. 
 
Sampling and sample analysis 
Water samples were collected monthly from pre
selected 10 stations for 12 months starting from 
February 2012-January 2013. Grab samples were 
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hropogenic 
 revealed that, 
Material and Methods 
Study area and selection of monitoring stations
River Tunggak is situated in between 3°56
3°59′44″ and 103°22′42″ to103°24′
the Gebeng industrial estate (GIE) located in 
Pahang state with geographical coordinate 3°58
and 103°26′E (Fig.1).  Gebeng has rap
development with increase the mass of effluents 
discharge (Nasly et al., 2013).  The river Tunggak 
carries almost all effluents of GIE. It originates at 
the upper end of Gebeng and after passing through 
the industrial area it falls into South China Sea with 
another river Balok. Normal tides usually occur 
twice daily and the tidal water goes up to 3km 
upstream.  
study areas showing sampling stations 
-
system (GPS) 
-
collected at 10cm below the water level using 
1000ml HDPE bottles and for BOD samples the 
dark BOD bottles (300 ml) were used. Collected 
samples were immediately preserved in ice
under low temperature conditions and quickly 
transported to the laboratory maintaining
methods (Andrew, 2005) and HAC
laboratory samples was stored at 4° C until further 
analysis. Samples were analyzed to identify the 
status of physiochemical parameters. A total of  14  
Hossain et al.
Studies on solid waste generation 
 
: 
′06″ to 
47″E adjacent to  
′N 
id industrial 
-boxes 
 standard 
H (2005). In the 
parameters were observed; of which temperature, 
pH, dissolved oxygen (DO), total diss
(TDS), conductivity, salinity and turbidity were 
detected at the field condition (
sampling using multi-parameters monitoring 
instrument YSI (YSI incorporated, Yellow Spring 
Ohio, USA). Five-day biochemical oxygen demand 
(BOD5), chemical oxygen demand (COD), total 
suspended solids (TSS),  nitrogen in the form of 
ammonia (NH3) and nitrate (NO
(PO43-) and sulphate (SO4). All analysis was done 
according to Andrew (2005) and HACH (2005) 
following standard procedure.
determination, the DO concentration was read out 
before and after the incubation. BOD samples were 
incubated for 5 days at 20±30C in BOD bottle and 
after the incubation period BOD5
with the final reading of DO. COD determination 
was done in reactor digestion method using HACH 
spectrometer 5000. Nitrogen (NH3
as per nessler method; nitrate was estimated with 
cadmium reduction method, SO4 measurement was 
done in sulfavar 4 method and PO
determined in ascorbic acid method. In the 
measurement of all those parameters, calorimetric 
method  was used (Andrew, 2005). 
 
Principal Component Analysis (PCA)
Principal component analysis (PCA) was applied 
on the measured concentration of the 
physicochemical parameters of the Tunggak River. 
PCA is one of the best multivariate statistical 
techniques to extract linear relationships among a 
set of diverse variables (Mustapha & Abdu, 2012)
It is the method that converts a set of possibly 
correlated variables into a set of 
uncorrelated variables (principal components now 
called varifactor, VF). It can be used to reduce the 
number of variables and to explain the variance of 
large data set with a smaller set of variables 
et al., 2007) and also provides a better 
understanding of variables correlation and grouping 
(Ermakov et al., 2012). VFs are the linear 
combinations of actual data and the eigenv
this study PCA were applied on the estimated data 
standardized through z-scale transformation, so that 
misclassification due to wide differences in data 
dimensionality can be avoided (Wang 
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olved solids 
in-situ) during 
3), phosphates 
 For BOD5 
 was calculated 
) was measured 
4
3-
 was 
 
. 
linearly 
(Wang 
ectors. In 
et al., 2007; 
Liu et al., 2003; Simeonov et al., 2003
equation below is: 
Zij= ai1x1j+ai2x2j+------------+aimx
Where, Z is the component score, 
component loading, x is the measured value of a 
variable, i is the component number, 
number, and m is the total number 
all statistical analysis SPSS 16.0 software was used.
Multiple Linear Regressions 
Multiple linear regressions analysis is a statistical 
method to predict the relationship between a 
dependent variable and a set of explanatory 
(independent) variables (several predictors) 
et al., 2010). It can be used for both explanatory 
and predictive purposes within experimental design 
and also in non-experimental design 
Abdu, 2012). In multiple linear regressions the 
relationship between the dependent variable and the 
explanatory variables can be expressed by the 
following equation: 
Y=β0+β1X1+β2X2+------------- + β
Where Y represents the dependent variable, X
…….Xm represent the several independent 
variables, β0 is the constant term and 
represent the regression coefficient and 
the random error.  
 
Results and Discussion 
Descriptive Statistics 
A descriptive statistics of the surface water quality 
parameters are demonstrated in Table 1
showed the range, minimum and maximum values, 
mean, standard deviation and variance of the 
physico-chemical parameters and also the 
Malaysian standard level of parameters in the study 
area.Statistics reveal that the concentration of 
conductivity, salinity, TDS, turbidity, NH
and PO43- were observed over the standard level of 
Malaysia (DOE, 2008) with highe
2538.80 µS/cm, 1.27%, 4242.40 mg/
1.66 mg/l, 135.5 mg/l and 1.24 mg/
This statistics ascertained that, those variables 
might have common source of origin 
Abdu, 2012). However, the mean temperature 
(30.720C) was within the normal range (27
(Saad et al., 2008) although at some stations it was 
observed maximum (38.450C). The maximum and 
minimum value of pH was recorded 9.12 and 4.15 
respectively with a mean value of 6.70; which is 
Source apportionment and quality assessment 
Studies on solid waste generation 
 
).The z-scale 
mj   (1) 
a is the 
j is the sample 
of variables. For 
 
(Koklu 
(Mustapha & 
mXm+ε             (2) 
1 
β1…….βm 
εrepresent 
, which 
3-N, SO4 
r mean values of 
l, 17.45 mg/l, 
l respectively. 
(Mustapha & 
-310C) 
almost in neutral level; even though some stations 
were highly acidic and some were highly alkaline. 
The mean concentration of DO (3.27 mg/
recorded very low compare to the s
is likely due to discharge of industrial and domestic 
wastewater causing high organic pollution, and 
decrease in DO due to the decomposition of large 
OM(Satheeshkumar & Khan, 2012
2007). Again, at some station at industrial zone was 
found with high temperature because of less DO; as 
the inverse relationship between DO and 
 
Table: 1. Descriptive statistics of the concentration of water quality parameters
WQ Parameters 
Range Minimum
BOD (mg/l) 38.25 0.10
COD (mg/l) 139.00 1.0
Conductivity 
(µS/cm) 2.71E4 16.00
DO (mg/l) 6.55 0.55
NH3-N (mg/l) 4.05 0.00
NO3-N (mg/l) 4.50 0.00
pH 4.97 4.15
Phosphate (mg/l) 37.19 0.01
Salinity (%) 13.72 0.01
SO4 (mg/l) 1220.00 0.00
SS (mg/l) 74.00 1.00
TDS (mg/l) 7.46E4 7.70
Temp. (0C) 13.09 25.36
Turbidity (NTU) 198.41 1.59
Principal component analysis 
PCA was used to obtain composite variables VFs 
for identifying pollution factors that affect the water 
quality and latent pollution sources 
2011). The primary objective of this analysis was to 
create a new set of factor (VF) for reducing the 
contribution of less significant variables; that much 
smaller than the original data set in subsequent 
analysis (Mustapha & Abdu, 2012; 
& Khan, 2012). Before applying PCA, Kaisere
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l) was 
tandard level. It 
; Wang et al., 
temperature is a natural process 
Regarding the BOD5 and COD values, the mean 
concentrations were 17.93 and 41.76 mg/
respectively; which were above the standard level. 
COD concentration was higher than BOD and both 
COD and BOD concentrations were higher than 
DO; this order of concentration reveal that 
anthropogenic pressure was associated with some 
natural pressure on the surface water quality 
(Mustapha & Abdu, 2012). 
 
 Maximum Mean 
Std. 
Deviation Variance
 38.35 17.93 12.02 144.51 
0 140.00 41.76 31.58 997.27 
 27080.00 2.54E3 4756.67 2.26E7
 7.10 3.27 1.67 2.78 
 4.05 1.66 0.90 0.82 
 4.50 0.34 0.71 0.51 
 9.12 6.70 1.21 1.47 
 37.20 1.24 4.74 22.50 
 13.73 1.27 2.54 6.43 
 1220.00 1.36E2 216.32 4.68E4
 75.00 15.46 12.915 166.80 
 74600.00 5.24E3 12096.05 1.46E8
 38.45 30.72 2.49 6.20 
 200.00 17.45 18.79 353.19 
 
(Zhao et al., 
Satheesh kumar 
-
Meyere-Olkin (KMO) and Bartlett’s test were 
performed to check the sampling adequacy. KMO 
test indicates the proportion of common variance 
and a value close to 1 denotes that PCA may b
useful (Shrestha & Kazama, 2007)
there is a general thumb rule that it should be 
greater than 0.5 to precede a satisfactory PCA 
(Hinton et al., 2004).   In the present study KMO 
was found 0.663, indicating that the variables were 
Hossain  et al.
Studies on solid waste generation 
 
(Wu et al., 2010). 
l 
 
 
Malaysian standard 
(max) 
1.00 
10.00 
 1000.00 
7.00 (min) 
0.10 
7.00 
6.5-8.5 
0.2 
0.50 
 250 
25 
 500 
27-31 
5 
e 
. For KMO value 
correlated enough for appropriate PCA. Likewise, 
the Bartlett test of sphericity significant level was 
0.00 (p < 0.01). In this study a total of 5 variance 
factors(VF) had been extracted by PCA based on 
Eigen value>1 and a varimax rotation were 
conducted to reduce the overlapping of genuine 
variables over every VF (Zhang 
Factor loading matrix is given in Table 2 and 
 
Fig. 2 Component plot of 14 variables in rotated space
The first factor (VF1) explained 26.832% of the 
total variance and showed the strong loading on 
conductivity, salinity, TDS and SO
indicated that this factor group was highly and 
positively contributed from the natural sources 
related variables like ionic groups of salts in the 
basin from inflows, soil erosion and runoff 
et al., 2012). This factor group also refers to as 
ionic pollution factor group which amounts a lots of 
ions and their compounds that leads to high loading 
of those variables (Zhang et al
explained 18.49% of total variance and had strong 
positive loading of BOD5, COD, temperature and 
pH. High loading of BOD5 and COD represented 
organic pollutant from industrial sewage and 
domestic wastewater (Zheng et al.,
loading of temperature and pH represented the 
physiochemical source of variables and also 
strongly influenced by climatologic and other
negative loading of DO and explained 8.46% of 
total variance. High loading of in
phosphorus represented the influence from both 
 
13 
Environment Conservation Journal 
 
 
et al., 2011). 
component plot of 14 variables are also shown in 
Fig. 2 The summary of the PCA result (Table 2) 
after rotation demonstrated parameters loadings, 
Eigen values, % variance of each component and 
cumulative variance. It can be seen that five (5) 
significance factors (VF) extracted by PCA with 
Eigen value>1 altogether explained 74.72% of total 
variance.  
 
 
4. This VF 
(Varol 
., 2011). VF2 
 2008) and high 
 
environmental factors (Shrestha & Kazama, 2007
Wang et al., 2007).  VF3 had strong positive 
loading on NO3-N and NH3-N and explained 
11.23% of total variance. This factor represented 
that source of these variables were attributed to the 
non-point source pollution from agricultural areas 
(Shrestha and Kazama 2007) 
nutrient pollutions from domestic wastewater, 
industrial sewage and wastewater treatment plants 
(Zheng et al., 2008; Zhao et al
explained 9.7% of total variance and had strong 
positive loading on turbidity and TSS. This factor 
explained soil erosion from upland areas
and Kazama 2007) and diluted due to the river flow 
that increased the level of TSS and due to the 
significant positive correlation between TSS and 
turbidity, turbidity also increased. It indicated the 
common source of origin of this factor group.  VF5 
had strong positive loading of PO
organic 
point sources like industrial effluents, domestic 
wastewater (Shrestha & Kazama, 2007)
point sources like agricultural runoff 
Source apportionment and quality assessment 
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; 
and organic & 
., 2011). VF4 
(Shrestha 
4
3-
 ; strong 
and non-
(Varol et al., 
2012). Agricultural and stream runoff carry a lot of 
suspended solids bearing significant level of
inorganic phosphorus. Inverse relationship between 
PO43- and DO indicated huge difference in pollution 
sources, such as point sources and non
sources. DO loading is extremely depends upon 
 
Table: 2. Rotated c
 
Parameters VF1 
Conductivity 0.952 
Salinity 0.949 
TDS 0.866 
SO4 0.814 
BOD 
-0.121 
COD 0.224 
pH 0.007 
Temperature -0.143 
NO3 -0.045 
NH3 0.110 
Turbidity -0.042 
SS 0.440 
Phosphate -0.122 
DO -0.186 
Eigen value 3.756 
Variance (%) 26.832 
*CV (%) 26.832 
Extraction method: principal component analysis;
*CV means cumulative variance  
 
Multiple linear regressions analysis
Multiple linear regression analysis was done with 
SPSS 16.0 statistical software to identify the 
contribution of variables to water quality of 
Tunggak river basin. To detect the best predictors 
and remove the less significant variables 
(predictors) of water quality variation stepwise
multiple linear regressions model was used 
et al., 2004).  Classical assumptions of linear
regressions were checked before the interpretation 
of MLR model results: normal p
regression standardized residuals were analyzed. It 
explained that all the observed values fall roughly
along the straight line and indicated that the 
residuals are from normally distributed 
Furthermore, scatter plot of regression standardized 
 
14 
Environment Conservation Journal 
 
 
 
-point 
point sources like organic wastes bearing more 
organic matter and some natural process like 
temperature variability. On the other hand, 
inorganic phosphorus largely comes from non
sources and also from point sources; but not the 
similar as DO.  
omponent matrix 
Component 
VF2 VF3 VF4 
-0.096 0.032 0.130 
-0.105 0.029 0.081 
0.000 -0.036 -0.051 
0.147 -0.024 0.150 
0.913 -0.104 -0.069 
0.851 -0.195 -0.010 
0.665 0.330 0.157 
0.647 0.296 0.043 
0.018 0.813 -0.047 
0.130 0.752 0.028 
0.125 -0.036 0.909 
-0.091 0.029 0.791 
-0.118 0.180 0.007 
0.008 0.170 0-.015 
2.589 1.573 1.358 
18.489 11.233 9.701 
45.321 56.554 66.255 
 Rotation method: varimax with Kaiser Normalization.
 
 
(Hinton 
 
-p plot of 
 
population. 
 
 
predicted values against observed values also 
showed the linear relationship between the 
dependent variable and the predictors; and the 
residuals variances are equal or constant. Removing 
less significant variables using stepwise multiple 
linear regression model for best predictors namely 
BOD5, COD, pH and NH3-N were detected; meant 
that the maximum water quality variation of 
Tunggak River was explained by those four 
predictor variables. Model summary showed (Table 
3) the R2=0.934  revealed that 93.4% variation of 
water quality of the river was explained by the 
above mentioned four predictors. The coefficient of 
the predictors estimated in the model and presented
in Table 3. As can be seen CO
strongest unique contribution in water quality
Hossain  et al.
Studies on solid waste generation 
 
-point 
VF5 
0.061 
0.077 
0.080 
-0.095 
-0.049 
0.070 
-0.108 
-0.081 
-0.175 
0.414 
0.034 
-0.010 
0.751 
-0.700 
1.185 
8.462 
74.717 
 
 
D makes the 
 
variation with Beta coefficient value 
second highest Beta value was for BOD
followed by NH3-N (-0.454). The least contributor 
was pH with a Beta value 0.223. The negative sign
of Beta value indicated that water quality was 
negatively associated/correlated with those 
predictors (Nathans et al., 2012). The analysis of 
Table: 3. Estimated coefficients of the multiple linear model
 
Unstandardized Coefficients
B 
(Constant) 60.043 
BOD -0.354 
COD 
-0.190 
pH 1.227 
NH3-N -4.337 
 
Conclusion 
In this study, principal component analysis (PCA) 
and multiple regression models were performed to 
assess Tunggak River basin water quality data sets. 
PCA yielded five VFs with 72.72% total variance 
corresponding to seven pollution sources namely: 
ionic, soil erosion run-off, industrial sewage, 
domestic wastewater, waste water treatment plant, 
dilution and agricultural run-off and natural & 
climatic reasons. Multiple linear regression 
supported PCA result and identified the 
contribution of each variable with significant values 
R =0.968, R2= 0.936. From the anal
that BOD5, COD, NH3-N, conductivity, salinity, 
TDS, SO4, NO3-N, turbidity, TSS, PO
were found to be the most significant parameters 
responsible for water pollution in Tunggak River. 
Therefore, it is recommended that proper waste
management (both industrial and domestic) should 
be taken including standard waste water treatment 
plant in the area and monitoring of anthropogenic
activities should be ensured to confirm the least 
negative effects on the rivers.  
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-0.567. The 
5 (-0.500) 
  
 
variance (ANOVA) was done and the ANOVA 
table showed that the F-statistics value is 18.344 
with 4 df and the corresponding 
which is highly significant. This test indicated that, 
the estimated slop of regression model is
to zero; which confirmed the linear relationship 
between the predictors of the applied models.
 
 Standardized Coefficients 
t Std. Error Beta 
5.216  11.511 
0.186 -0.500 -1.902 
0.083 -0.567 -2.307 
1.136 0.223 1.080 
1.412 -0.454 -3.072 
ysis, it is clear 
4
3-
 and DO 
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